Abstract Cruciferous weeds are competitive broad-leaved species that cause losses in winter crops. In the present study, research on remote sensing was conducted on seven naturally infested fields located in Córdoba and Seville, southern Spain. Multi-spectral aerial images (four bands, including blue (B), green (G), red (R) and near-infrared bands) taken in April 2007 were used to evaluate the feasibility of mapping cruciferous patches (Diplotaxis spp. and Sinapis spp.) in winter crops (wheat, broad bean and pea) and compare the accuracy of different supervised classification methods (vegetation indices, maximum likelihood and spectral angle mapper). The best classification method was selected to develop site-specific cruciferous treatment maps. Cruciferous patches were efficiently discriminated with red/blue (R/B) and blue/green (B/G) vegetation indices and the maximum likelihood classifier. At all of the locations, the accuracy of the results obtained from the spectral angler mapper was relatively low. The cruciferous weed-classified imagery of each location were created according to the method that provided the best discrimination results and were used to obtain site-specific treatment maps for in-season post-emergence control measures or herbicide applications for subsequent years. By applying the sitespecific treatment maps, herbicide savings from 71.7 to 95.4% for the no-treatment areas and from 4.3 to 12% for the low-dose herbicide were obtained.
Introduction
Cruciferous weeds are competitive broad-leaved species that cause losses in wheat (Triticum durum) (Beres et al. 2010) , lentil (Lens culinaris) (McDonald et al. 2007 ) and pea (Pisum sativum) (Miller et al. 2006) . The results of field surveys (carried out in 2006) conducted on 30,000 ha near Córdoba and Seville in Andalusia, southern Spain, indicated that more than 65% of fields were infested with cruciferous weeds, including Diplotaxis spp. (generally D. virgata Cav. DC. and D. muralis L. DC) and Sinapis spp. (generally S. arvensis L. and S. alba L.) (De Castro et al. 2009 ). Winter crop weeds are often controlled by presowing herbicides in cereals (e.g., glyphosate, (N-(phosphonomethyl)glycine)) and applying pre-emergence herbicides to legumes [e.g., linuron in broad bean, 3-(3,4-diclorofenil)-1-metoxi-1-metilurea, and pendimethalin in pea, (N-(1-ethylpropyl)-3,4-dimethyl-2,6-dinitrobenzenamine)]; however, these herbicides cannot adequately control cruciferous weeds. Some specific herbicides, such as triasulfuron (20%) (1-[2-(2-cloroetoxi) fenilsulfonil]-3-(4-metoxi-6-metil-1,3,5-triazin-2-il) urea) can be applied to post-emergence cereals. However, post-emergence herbicides for legume crops have not yet been developed. Thus, tillage or hand weeding are frequently conducted to reduce cruciferous infestations.
Although sunflower-wheat is one of the main crop rotations in Spain, legume crops for human consumption have been recently introduced into the crop rotations. For instance, the cultivated area of pea has increased from 9,000 ha in 1990 to 164,000 ha in 2009. From total cultivated area of pea, 15,000 ha are located in Andalusia, primarily in the province of Córdoba and Seville (MAPA 2009 ). Moreover, most winter crops (e.g., wheat, pea and broad bean) are produced through no-till or reduced tillage techniques. Consequently, weeds such as cruciferous have become more problematic because they cannot be reduced by repeated tillage or cultivation.
Despite the usual uniform management of fields, weed populations tend to be distributed along the direction of cultivation (Gerhards and Christensen 2006) and may appear aggregated or patchy (Jurado-Expósito et al. 2003 . As a result, site-specific weed management (SSWM) can be used to spray weed patches and/or adjust applications according to the weed density of the field, an economic threshold or a specific weed species composition, e.g., herbicide resistant, broadleaved or grass weeds (Maxwell and Luschei 2005; Timmermann et al. 2003; Wiles 2009 ). Therefore, accurate, appropriate and timely weed maps are the key components required in order to take full advantage of site-specific herbicide applications and can be used to avoid over-application (Lamb and Brown 2001) .
To practice SSWM based on maps, robust methods for weed data acquisition and analysis, as well as delineation of site-specific treatment zones (control maps) are required for further use. These requirements can be achieved by coupling remotely sensed imagery to software that discriminates between weeds, crop and fallow. Remote sensing of weed canopies may be more efficient than time-consuming field measurements, and the interest in using this technology for developing weed distribution maps has increased in recent years. The importance of remote sensing in SSWM has been recently reviewed by López-Granados (2011) . To detect and map weeds with remote sensing techniques, suitable differences in the spectral reflectance of weeds, crops and bare soil must exist, and the spectral and spatial resolution of remote sensing equipment must be sufficient for the detection of differences in spectral reflectance (Thorp and Tian 2004) . Plant species can often be identified by exploiting spectral differences based on the distinctive colour of phenological stages (Gómez-Casero et al. 2010) . Another parameter that is essential for successful remote sensing is the ability to select a pixel size that is appropriate for the inherent properties of the input data. Namely, the smallest discernable feature at any given spatial resolution must be established, and the accuracy with which it is mapped must be determined. In order to help inexperienced users select the appropriate spatial resolution, Hengl (2006) discussed the rules of thumb for determining a suitable pixel size, and concluded that at least four pixels are required to detect the smallest objects, and at least two pixels are required to identify the narrowest objects. In the present study, the smallest object is the smallest mapped area (weed plants or weed patches). In other words, if the smallest object is a weed patch of 16 m 2 (4 9 4 m), imagery with a resolution of 2 m or less should be employed.
The detection of late-season weed infestations with remote sensing is feasible when the soil surface is completely covered (to avoid soil background reflectance), weeds are visible above the crop canopy, spectral differences between crops and weeds are greatest, and crops and weeds have not reached the same phenological stage. Thus, late-season weed detection maps can be used to design SSWM for the application of in-season post-emergence herbicides if adequate pre-emergence control was not achieved. Alternatively, because weed infestations are relatively stable from year to year, applications can be carried out in subsequent years (Heijting et al. 2007; Zijlstra et al. 2011) . Thus, the capacity to discriminate problematic weeds at advanced phenological stages could reduce herbicide use and crop management costs. Multi-spectral aerial imagery has been used to accurately map late infestations of several grass weeds in wheat (López-Granados et al. 2006) and Cirsium arvense in winter wheat (Hamouz et al. 2008) ; corn caraway (Ridolfia segetum) in sunflower (Peña-Barragán et al. 2007 ); several broadleaved weeds in soybean (Glycine max) (Gray et al. 2008 ). Thus, multi-spectral aerial imagery has large potential for discriminating weeds and crops.
Several supervised and unsupervised classification methods have been used in vegetation cover classification studies. Supervised classification is a procedure used to identify spectrally similar areas in an image. In supervised classification methods, the user specifies training sites with known land covers, and the algorithm extrapolates the spectral characteristics of the training sites to other areas for classification. Unsupervised classification involves the categorization of an image by computer processing based solely on the image statistics, without the intervention of direct user guidance. Common vegetation and nonvegetation classes have been generated using supervised classification methods, such as vegetation indices, the maximum likelihood classifier and the spectral angle mapper (Castillejo-González et al. 2009 ). Vegetation indices are ratios or linear combinations of bands that take advantage of differences in the reflectance of vegetation between wavelengths. Some of the vegetation indices most widely used in multi-spectral remote sensing research for the detection and quantification of vegetation include: NDVI = (NIR -R)/ (NIR ? R) (Normalized Difference Vegetation Index; Rouse et al. 1973) , RVI = (NIR/R) (Ratio Vegetation Index; Jordan 1969) , and R/B ((R/B) Index; Everitt and Villarreal 1987) , where NIR is the near-infrared band, R is the red band and B is the blue band. The indices NDVI and RVI have been used to distinguish grass and broadleaved weeds in crops using aerial imagery because they usually have high reflectance in the NIR region of the spectrum and low in the R region, and both indices enhance these differences (Henry et al. 2004; Peña-Barragán et al. 2010) .
The maximum likelihood classifier (MLC) is a statistical method that assumes that the training data set follows a spatial probability distribution (usually a Gaussian distribution); thus, the response pattern of the training data can be described by the mean vector and the covariance. The MLC has been applied to remote sensing data as a standard classification method, as indicated by Richards (1986) . In particular, the MLC has been used to classify and discriminate weed infestations in crops using multi-spectral imagery. For instance, Panicum effusum in fallow fields of oilseed rape (Brassica napus) stubble (Lamb and Weedon 1998) have been discriminated and several species of broadleaved weeds have been identified in soybean (Gray et al. 2008) . Similarly, Eddy et al. (2008) discriminated redroot pigweed (Amaranthus retroflexus) and wild oat in oilseed rape, pea and wheat using hyperspectral imagery.
The spectral angle mapper (SAM) algorithm considers the angle between band values, which is representative of the spectral signature of each cover-class (crop or weed) (Kruse et al. 1993 ). This method is relatively insensitive to albedo effects and changes in brightness and illumination (Campbell 2002) . The SAM method has been used to classify vegetation from a hyperspectral data set to detect invasive weeds such as spotted knapweed (Centaurea maculosa) (Lass et al. 2005) . Moreover, multi-spectral data has been used to map broom snakeweed infestation on rangelands (Yang and Everitt 2010) .
To date, the use of classification methods and remotely sensed data for mapping cruciferous weed patches in crops has not yet been evaluated. Thus, in the present research, different classification methods were assessed to: (1) evaluate the feasibility of using remote sensing techniques and aerial imagery to map cruciferous patches (Diplotaxis spp. and Sinapis spp.) in winter crops (wheat, broad bean and pea); (2) to compare the accuracy of different classification methods (vegetation indices, SAM and MLC); and (3) with the best classification method selected, to develop site-specific cruciferous treatment maps.
Materials and methods

Study area and phenological stages of weeds and crops
The study was conducted in April (spring in Mediterranean conditions) of 2007 at seven fields near Córdoba and Seville, Andalusia, Spain. The fields were identified as Montalbán Alto, Cañada Rosal, San Sebastián, El Arrecife, Galván, La Carlota and Montalbán Bajo. UTM co-ordinates and the area of each field are shown in Table 1 . The fields were sown with pea (Montalbán Alto), broad bean (Cañada Rosal and San Sebastián), and winter wheat (El Arrecife, Galván, La Carlota and Montalbán Bajo) and were naturally infested with a mixture of cruciferous weeds composed of Diplotaxis spp. and Sinapis spp. When the aerial images were taken, the crops (broad bean, pea and winter wheat) showed the typical green colour of the vegetative growth stage and cruciferous weeds displayed an intensive yellow colour corresponding to the flowering growth stage.
Aerial imagery
Digital-colour (blue, B 400-500 nm; green, G 500-600 nm; red, R 600-700) and colourinfrared (G 500-600 nm; R 600-700; NIR 700-1 100 nm) aerial images were taken on , since it is necessary for at least four pixels to represent the smallest objects (Hengl 2006) . Radiometric corrections were conducted by the supplying company (HIFSA 2011) and the images were ortho-rectified using ENVI software (ENVI 4.4., Research Systems Inc., Boulder, CO, USA). Fiducial marks of the aerial calibration certificate and 40 ground control points were collected with a differential Global Positioning System (GPS) TRIMBLE PRO-XRS (Trimble, Sunnyvale, CA, USA) equipped with a TDC-1 unit (centimetre precision). The colour aerial images were geo-referenced until a cumulative RMSE (root mean square error) of less than 5 pixels was achieved and, then, the colour-infrared aerial images were geo-referenced using the colour-images. As a result, the geo-reference error between images was less than 1 pixel, and similar pixels presented identical co-ordinates. All spatial and spectral data were grouped into a unique multi-band file according to the following requirements: (1) the georeference error between images was less than one pixel, and similar pixels had identical coordinates and (2) the NIR digital values of a colour-infrared image were corrected to the digital values of the colour image, using the differences between the G and R bands of both original images (Peña-Barragán et al. 2007 ). Pixels of the image presented digital counts within the range of 0-255 values, which corresponded to 8 bits of radiometric resolution. The digital values were directly proportional to the total light reflected from the scene (Flowers et al. 2001) .
Bands and band ratios derived from them were subjected to analysis of variance and means of cruciferous and wheat were separated at the 0.01 level of significance by LSD test using SPSS software (SPSS 13.0, Inc., Chicago; Microsoft Corp., Redmond, WA, USA). Significant differences in digital data between crops and cruciferous weeds were observed in most of the analysed bands and band ratios.
Ground truth data
To verify and validate the classification process, a random ground sampling procedure was carried out at the same time that the aerial images were taken to ensure that the entire field had an equal chance of being sampled without operator bias (McCoy 2005) . The sampling method consisted of collecting and geo-referencing a number of points throughout the fields consisting of 320 training points and 450 ground truth points of each plant type (cruciferous patches and crop) per location. The training points and the ground truth points corresponding to cruciferous patches were collected in those areas with cruciferous weed density above the economic threshold, established as C2 plants m -2 (adapted from CastroTendero and García-Torres 1995). The training points were used to define the spectral signature and the boundary digital values used in the classification routines. Ground truth points were used to assess the accuracy of the classification method.
Classification methods ENVI 4.4 software was used to process and analyze the images, the three classification methods evaluated were: vegetation indices, the maximum likelihood classifier and the spectral angle mapper.
Vegetation indices
Four multi-spectral bands (B, G, R, and NIR), three vegetation indices (NDVI, RVI and R/B) and four band ratios (B/G, R/G, NIR/B and NIR/G) were used. The mean and standard deviation of the digital value of every class were calculated for each waveband and band ratio. Boundary digital values intervals (BDVIs) were used to define each region in an iterative manner, based on the information provided by the training points of each crop type. These data were established according to the statistical values obtained from the training points, adding and reducing the standard deviation to the average, i.e., if the training pixel set had a mean digital value of 25 and a standard deviation value of 4, the BDV would be 21-29. The BDVIs were those that better discriminated the two classes (weeds and crop), providing the highest statistical accuracy. Every vegetation index, band ratio or waveband image was classified according to the BDVI that best characterised each class.
Maximum likelihood classifier
The MLC method was used to calculate the probability that a given pixel belongs to one of the predefined classes (crop and weeds), taking into account the variability in each training zone. The pixel is then assigned to the class to which it most likely belongs, i.e., the class with the highest probability value (Jensen 2005) . Therefore, a probability threshold must be specified in the MLC algorithm to disregard pixels with low probability values. Probability thresholds of 50-95% were tested in 5% increments to determine the optimal probability for obtaining maximum accuracy. The number of pixels being classified increases when the threshold is reduced and the number of classified pixels decreases upon extending the probability threshold.
Spectral angle mapper
The SAM method was applied to each multi-spectral band image and was based on a fourdimensional angle to match pixels to reference spectra made up of the digital signature of each training zone (Peña-Barragán et al. 2007 ). In the SAM method, unknown pixels in the image are assigned to the class with the lowest angle. A maximum angular threshold in radians must be specified to the SAM algorithm, so that any pixel further away than the maximum angular threshold is not evaluated (Kruse et al. 1993) . Several maximum angular thresholds varying from 0.05 to 0.40 radians were tried in increments of 0.01 radians to determine the angle that provided the highest accuracy. Increasing the maximum angular threshold increases the number of pixels being classified, whereas decreasing the maximum angular threshold reduces the number of classified pixels. Thus, when the maximum angular threshold is low, classified images with the highest likelihood of matching a pure population are produced (Lass et al. 2005) .
Accuracy assessments
For each vegetation index, band ratio, waveband, probability threshold and maximum angular threshold classified image, a confusion matrix was created to quantify the coincidence between each classified and ground-truth area (Congalton 1991) . The confusion matrix provides the overall accuracy (OA) of the classification, which indicates the percentage of correctly classified pixels; the producer's accuracy (PA) indicates the Precision Agric (2012) 13:302-321 307 probability that a classified pixel actually represents that category in reality; and the user's accuracy (UA) is defined as being the percentage of classified pixels of each class that coincide with the verified ground-truth map (Congalton 1991) , and indicates its correct assessment and indicates how well training-set pixels were classified (Rogan et al. 2002) . Overall classification accuracy indicates the overall success of classification; the minimum accepted value has been standardized at 85%. On the other hand, the Kappa test determines whether the results presented in the error matrix are significantly better than random or chance classification, indicating a more conservative estimation than simple percent agreement value (Rogan et al. 2002) . Landis and Kock (1977) suggested that a Kappa coefficient (Kc) of over 0.8 strongly indicates that a given classification is unlikely to have been obtained by chance alone. The OA, PA, UA and Kc were calculated for every one of the above-mentioned images to validate and assess the accuracy of the classification procedures and imagery considered. The selected classified imagery were those yielding the highest classification statistics in the confusion matrix analysis.
The confusion matrix also provides the omission and commission errors of the classification. Omission error (the patch is present on the ground but not in the image, or falsenegative) indicates the proportion of pixels from cruciferous weeds that was misclassified as crop. Commission error (the patch was present in the image but not on the ground, or false-positive) indicates the proportion of pixels classified as cruciferous that should have been classified as crop.
Site specific treatment maps
The classified imagery selected in the above section (i.e., those yielding the highest OA, PA, UA and Kc in the confusion matrix analysis and, therefore, best characterized each class, i.e., weeds and crop, allow determination of the surface occupied by both classes (cruciferous patches and crop) and to develop site-specific cruciferous treatment maps for cruciferous weed infested areas.
Sectioning and assessment of remote images (SARI Ò ) software (García-Torres et al. 2008 ) was used to generate site-specific treatment maps from the most accurate classified imagery selected for each field. SARI Ò is designed to manage remotely sensed images for site-specific agricultural applications and is able to produce site-specific treatment maps using weedclassified imagery obtained from remotely sensed data . SARI Ò splits the field image into rectangular grids and classifies them according to the level of weed infestation within each grid. The selected classified imagery for each field were processed taking into account the spatial resolution of the image and the precision agricultural requirements such as cruciferous patch size and treatment machinery size. Grid size was established in 60 9 60 pixels corresponding to 15 9 15 m, since that was the treatment machinery size.
To generate site-specific treatment maps, each grid was classified according to the percentage of weed-infested pixels in the grid. Three classes were assessed: low infestation (\25% infested pixels, untreated areas, 0-56 m 2 ), medium infestation (25-50% infested pixels, adjusted dose areas, 57-113 m 2 ) and high infestation class ([50% infested pixels, treated areas, 114-225 m 2 ). These classes were defined to allow the farmer to make a decision based on numerical results and not only on visual, subjective and arbitrary criteria. Thus, the farmer can either choose to not treat the grid; treat the grid at low rates adjusting the herbicide dose to the actual density of weeds without a loss of efficacy; or treat the grid at the normal dose, which is indicated on the product label.
Results and discussion
Vegetation indices
Mean and standard deviation of the spectral digital data of cruciferous weeds and crops, and wavebands and band ratios for each location were calculated (data not shown). Significant differences in digital data between crops and cruciferous weeds were observed in most of the analysed bands and band ratios, which confirms the potential for discriminating cruciferous patches in winter crops during the late season.
The classification statistics obtained in the confusion matrix (OA; Kc; and UA) for every waveband, band ratio and vegetation index, and the selected BDVIs providing the highest overall accuracy are shown in Table 2 . Accuracy assessments varied according to the location and the crop. All the bands, band ratios and vegetation indices provided the best results for the discrimination of cruciferous weeds in pea, and OA values higher than 98.4% were obtained. Nevertheless, the NIR/B displayed OA values of 88.9% in pea. In contrast, all of the bands and the vegetation indices provided inferior results at Cañada Rosal-broad bean.
The best classification of cruciferous patches was achieved using the R/B index in wheat (the OA ranged from 99.5 and 88.7% at La Carlota and Montalbán Bajo) and pea (OA of 99.9%). The behaviour of the R/B index for broad bean was dependent on the location. For instance, excellent OA values (98.1%) were obtained at San Sebastián-broad bean and lower OA values were observed at Cañada Rosal-broad bean (OA of 71.6%). The lower accuracy obtained in Cañada Rosal-broad bean could be due to a kind of variability frequent in field conditions, which would cause some of the broad-bean plants to be slightly more advanced in growth stage and showing a less bright green colour. Alternatively, when the B/G ratio was employed, OA values greater than 81.4% were obtained in most of the locations (except in Cañada Rosal-broad bean). Therefore, both indices could discriminate cruciferous weeds from the studied crops. Satisfactory results were obtained with the R/B index and B/G ratio due to the colour differences between crops and weeds. Specifically, the yellow colour of cruciferous flowers generates high reflectance in the R and G bands, and low reflectance in the B band, and both indices enhance these differences. The aforementioned results were in agreement with those of Peña-Barragán et al. (2007) , who achieved accurate classification results with R/B index when Ridolfia segetum patches turned yellow during the flowering phase and the sunflower crop was still green. In general, other vegetation indices such as the NDVI and the RVI provided good results in the majority of the crops, and OA values greater than 83% were obtained.
From an agronomic point of view, the use of broader BDVIs is recommended for the generation of weed maps because the area of the weed-patch surface increases with an increase in the broadness of the BDVI. Although the overall accuracy will be reduced, classification according to the BDVI should be adjusted to obtain optimal error values with respect to the economic treatment threshold because farmers often err on the side of treating weed-free crop areas rather than assuming the risk of allowing weeds to go untreated (Gibson et al. 2004 ).
Maximum likelihood classifier
The results obtained from the confusion matrix of the MLC using different probability thresholds are shown in Table 3 . In all of the crops, the highest OA, KC, and UA values were obtained at a probability threshold of 75%. Therefore, OA values greater than 85%, which is the minimum accepted value according to Thomlinson et al. (1999) and Foody (2002) , were recorded at most locations (e.g., 99.9% in Montalbán Alto-pea, 99.0% in San Sebastián-broad bean and 98.6% in La Carlota-wheat). When the probability threshold is increased, fewer pixels are included in each category. In other words, only pixels with similar probabilities are included. As a result, the potential for the misclassification of cruciferous pixels is high, and fewer areas are classified as infested. In turn, the omission error and the number of untreated weed patches increases.
Spectral angle mapper Table 4 shows the results obtained from the confusion matrix of the SAM classification method at all seven locations using different maximum angular thresholds. The maximum angular threshold that provided the greatest accuracy values ranged from 0.05 to 0.25 radians in cruciferous weeds, 0.13 in pea, 0.11-0.2 in broad bean, and 0.20-0.25 in wheat. The best classification results were achieved at Montalbán Alto-pea and at La Carlotawheat, with OA values of 98.4 and 97.8%, respectively. The area of infested surfaces decreased when low maximum angular thresholds were used. For instance, in Montalbán Bajo-wheat, the area of cruciferous weeds was reduced to 23.4% (Table 4) , and real weed pixels (data taken on the ground) were misclassified (in the image), which increased the omission error and the number of untreated weed patches. Alternatively, if the maximum angular threshold was increased, the size of the infested area also increased. For example, at San Sebastián-broad bean, the area of the cruciferous surface rose to 58.3%. Thus, at high maximum angular thresholds, the probability of classifying a pixel as a weed increased, the user accuracy (UA) decreased, and the commission error increased. These results are in agreement with those obtained by Lass et al. (2005) , who demonstrated that infested surfaces remained unclassified when narrow angles were used. Alternatively, when the widest spectral angles were employed, crops were incorrectly classified as infested, and the commission error increased. In general, the accuracy results of SAM were lower than that of the MLC or waveband and band ratios. The poorest results were obtained in Cañada Rosal-broad bean, where no classification method achieved OA higher than 85%. Table 5 shows the best results obtained with the three supervised classification methods and the fluctuations in the total area of each class. Among the best methods, the following trend in the accuracy of the results was observed: R/B and B/G ratios [ MLC [ SAM. The percentage of surface classified as weeds was greater with SAM than MLC and R/B or B/G, except in Galván-wheat, where the infested weed area was 69.1, 47.8, and 45.5% for R/B, MLC, and SAM, respectively. The moderate accuracy results obtained with the MLC were attributed to the successful management of spectral variation within classes, as suggested by Chen et al. (2007) , who demonstrated that the homogeneity of the results increased when outcrops were classified according to the MLC. Alternatively, SAM is a very demanding method that does not provide good results when the class contains large spectral variations, and low classification accuracies were obtained at all seven locations.
In general, the best overall classification results were obtained when Vegetation Indices and MLC methods were used to discriminate weeds in peas. Thus, near optimal OA values of 99.9 were obtained when the R/B index and MLC were employed, and Kc values of 0.9 were achieved. Moreover, UA values of 99.8 and 100% were attained with the R/B index. These results suggest that pea is the best crop for cruciferous weed discrimination. For broad-bean, the B/G ratio and the ML provided fair OA values in San Sebastián, and Kc values of 0.92 and 0.96 were obtained with the B/G ratio and the classifier. However, both methods did not achieve the minimum Kc value of 0.8 in Cañada Rosal. In wheat, the R/B index provided the best results in La Carlota, and OA values of 99.5% were attained. Alternatively, in El Arrecife and La Carlota, the MLC provided OA values greater than 98%, and Kc values greater than 0.8 were observed. In Galván and Montalbán Bajo, both methods offered excellent classification results. Thus, the Vegetation Index and the MLC methods enabled weed discrimination in wheat, broad-bean, and pea, and OA and Kc values greater than 85% and 0.8 were obtained, respectively.
Site-specific treatment maps
Classified maps for every location were created according to the method that provided the best discrimination results, i.e., the R/B index was used in Montalbán Alto (pea), Galván, La Carlota and Montalbán Bajo (wheat), B/G was used in Cañada Rosal (broad bean), and the MLC was employed in San Sebastián (broad bean) and El Arrecife (wheat). In Fig. 1 , classified maps are shown for each location. To obtain site-specific treatment maps from the most accurate classified imagery, SARI Ò was used to split the field image into rectangular grids (15 9 15 m) and classify them according to the level of weed infestation within each grid. Figure 2 shows three examples of site-specific treatment maps for cruciferous weeds in Montalbán Alto-pea, San Sebastián-broad bean and El Arrecife-wheat. The results from San Sebastián-broad bean (Fig. 2b) indicated that 95.4% (4.58 has) of the total area was classified as untreated because no, or very low, weed infestation was recorded. Alternatively, even when 4.6% (0.22 ha) of the total area was classified as cruciferous (Table 5) , only 0.30%, i.e., 0.01 ha, should be treated with normal doses, and 4.30%, i.e., 0.21 ha, with adjusted or low dose due to those latter pixels being moderately infested. Similar results were obtained for Montalbán Alto-pea (Fig. 2a) and El Arrecifewheat (Fig. 2c) where only 16.3% (3.86 ha) and 12% (2.84 ha), and 18.5% (0.67 ha) and 9.3% (0.33 ha) of the total area should be treated with normal and low dose, respectively.
Site-specific treatment maps can be used to identify areas that should be treated with herbicide and to help to determine the dose of the application; the recommended rate should be applied to normal treated areas and low rates should be applied to adjusted-dose treated areas. Thus, economic and environmental savings can be attained by applying herbicide to highly infested weed patches and employing adjusted doses on areas with low infestation rates, according to the economic threshold. If post-emergence herbicides to control cruciferous weeds were only applied to control infested areas, the average reduction in herbicide costs would be approximately 95.6%. However, if the farmer decides to treat moderately infested areas with low doses of herbicides, a 97.6% savings would be achieved in San Sebastián-broad bean. Several studies have shown that herbicide rates can be reduced to levels below those specified on the product label, and herbicide can be applied according to the weed density (Holm et al. 2000) . For example, Barroso et al. (2004) demonstrated that the density of weed patches can be reduced to relatively safe levels by employing density-specific control programs and applying low rates of herbicide when densities are below a given level. In the present study, the threshold density ranged from 25 to 50% of infested pixels. Despite these researches, it is important to remark that further research is needed to determine whether the strategy of using low doses can reduce the weed population low enough for long-term control.
The results could be very useful for farmers in order to use these site-specific treatment maps for in-season post-emergence strategies in wheat since, in Mediterranean conditions and for sowing dates of early December, competition between cruciferous weeds and crop usually starts in middle-end April, reducing the dry weight of wheat at harvest by 27% (Dhima and Eleftherohorinos 2005) . That means that imagery must be taken at the beginning-middle of April and control of these weeds must be performed before the middle-end of April to avoid significant reduction of growth and yield losses.
Conclusions
The results of the present study have shown that multi-spectral aerial imagery can be successfully used to map the area of Diplotaxis spp. and Sinapis spp. patches in cereals (wheat) and legumes (broad bean and pea) for the design of site-specific treatment maps. The construction of cruciferous weed-classified imagery based on multi-spectral aerial imagery is feasible when crops are at their vegetation phenological stage and are still green, and cruciferous weeds are at their early or full flowering phenological stage and display an intensive yellow colour. The best results were obtained when the R/B index and B/G ratio and MLC method were employed, and they presented OA and Kc values greater than 85% and 0.8 in winter crops, respectively, in most of the locations. In particular, when weed patches were classified in pea according to the R/B index, OA and Kc values of 99.99% and 0.99 were obtained, respectively. The results indicated that the performance of the SAM method was inferior, and Kappa coefficients less than 0.73 were obtained at most locations.
Cruciferous weed classified imagery were used to produce site-specific treatment maps for in-season post-emergence control or applications in subsequent years, and the data were categorised into three zones, including no treatment, treatment at the normal dose and adjusted dose areas. Moreover, the results revealed that herbicide savings consisting of no treatment areas and herbicide low dose areas ranged from 71.7 to 95.4%, and from 4.3 to 12%, respectively.
Due to continuous advances in remote sensing and the use of high spatial resolution satellite sensors for the discrimination of weeds at the country level, further research on the construction of cruciferous weed maps must be conducted. Moreover, low dose strategies should be evaluated as a long-term approach to ensure that low cruciferous infestations can be maintained over time.
